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Introduction
Our main argument is that the profitability of surviving corporations exhibits remarkable regularity across space and time, and can be conveniently characterized by one and the same diffusion process for all firms. We show that the process is not only consistent with the cross-sectional distribution of profit rates across firms at a given point in time, but is also a reasonable description of the time evolution of profit rates for each surviving firm. Thus we refer to the profitability of surviving corporations as a statistical equilibrium outcome. 1 The implications of statistical equilibrium for our understanding of individual firm destinies are stark and unexpected, since the model and data suggest that idiosyncratic firm characteristics are not influencing the aggregate distributional outcome. Instead, idiosyncratic efforts merely seem to have an impact on the individual persistence of abnormal profits from the system-wide average, that is their speed of adjustment or convergence. We find that large, capital intensive, or broadly diversified survivors exhibit the slowest speed of adjustment across all non-banking sectors of the economy.
The idea that market economies are driven by the reallocation of capital in search of profit rate equalization dates back to classical economics, and is certainly one of the most widely accepted theories of capitalism (see, e.g., Foley, 2006) . Traditionally, however, the literature on industrial dynamics has not focused on profitability, but rather on firm size and growth. Starting with Gibrat (1931) , the most influential idea to explain the dynamics of individual firms was to claim that firm growth rates should be independent of firm size and usually also of each other. 2 According to the central limit theorem, this would imply normally distributed growth rates, and a log-normal distribution of firm sizes. Subsequent empirical analyses have shown that size, age, and the life-cycle of firms influence the growth performance in ambiguous ways (see, for instance, the surveys by Santarelli et al., 2006; Sutton, 1997) , while the distributional implications of Gibrat's rule, in particular with respect to the unconditional growth rate distribution, have received less attention until recently. 3 The empirical density of growth rates is not Gaussian, however, and therefore at odds with Gibrat's rule. The non-normality of the growth rate distribution is most likely an imprint of the complex interactions and interdependencies among firms, and would indicate that the independence assumption is violated. Instead, the unconditional distribution of growth rates approximates a double-exponential (or Laplace) distribution, for instance for US manufacturing companies (Stanley et al., 1996) , the world's largest pharmaceutical firms (Bottazzi et al., 2001) , and Italian manufacturing sectors (Bottazzi et al., 2002) , even at higher levels of sectoral disaggregation (Bottazzi and Secchi, 2006) .
Our dataset suggests that the growth rates of long-lived US non-banking corporations are even more leptokurtic than the Laplace distribution, which has recently also been observed in French manufacturing (see Bottazzi et al., 2011) . The rate of profit, on the other hand, seems to be much closer to the Laplace distribution than the corresponding growth rates in our sample. At the same time, 1 Foley (1994) and Garibaldi and Scalas (2010) provide useful background reading for readers who might not be entirely familiar with the concept of statistical equilibrium. 2 To be more precise, growth rates are iid random variables with finite variance. 3 The distribution of firm sizes, on the other hand, has received more attention, and dates back to the work of Simon (see, e.g., Ijiri and Simon, 1977; Simon and Bonini, 1958) . More recent findings are essentially concerned with the question whether the size distribution is log-normal (see, e.g., Hart and Oulton, 1996; Stanley et al., 1995) or power-law (see, e.g., Axtell, 2001) .
it is not clear how or whether the size of corporations might influence the rate of profit. While Baumol (1967) argues that size could confer market power and lead to abnormally high profit rates, the empirical findings generally do not support his claim (see, e.g., Alexander, 1949; Amato and Wilder, 1985; Goddard et al., 2005; Hall and Weiss, 1967; Marcus, 1969; Whittington, 1980) , and we also find that the profitability of surviving US corporations is largely independent of size, in line with classical economic thinking.
A crucial aspect of Gibrat's model concerns the autocorrelation structure of firm growth rates. Identification of serially dependent growth rates would speak against Gibrat's hypothesis of random walk growth in firm size, but unfortunately empirical studies of the autocorrelation structure of growth rates yield inconclusive results: positive autocorrelations in firm growth rates are reported by Chesher (1979) and Geroski et al. (1997) for the UK, and by Weiss (1998) for Austria, while Boeri and Cramer (1992) and Goddard et al. (2002) observe negative serial correlations in German and Japanese data. Other studies do not find any significant autocorrelations in firm growth rates (see, for instance, Almus and Nerlinger, 2000; Geroski and Mazzucato, 2002; Lotti et al., 2003) , whereas Coad (2007) reports that smaller French manufacturing firms exhibit negatively correlated growth rates, while larger firms display positive autocorrelations. Our results regarding long-lived US corporations indicate that there are no statistically significant autocorrelations in firm growth rates. In contrast, profit rates do exhibit significantly positive autocorrelations in our sample.
The empirical distribution of profit rates has previously been considered by Alfarano et al. (2012) , who propose a diffusion model to account for the crosssectional Laplace distribution of profit rates. Their model will guide our present investigation, and relies on three parameters: a system-wide average rate of profit, a system-wide dispersion measure of profit rates, and an idiosyncratic noise factor that determines the persistence of abnormal profits for individual firms. The model turns out to be consistent with the observed autocorrelation structure of profit rates, and the model's assumption of a common location and dispersion parameter across all firms is reflected in the data as well. This strongly suggests that the process is a useful description of the time evolution of individual firm profitability. Closed-form solutions for the transient density and the autocorrelation function of the diffusion process enable us to estimate the idiosyncratic noise levels with maximum likelihood, and to compute the adjustment speed from abnormal profits for each firm.
Data
The data for this study are taken from Thomson Reuters' Datastream and consist of annual observations for the sales, operating income, total assets, number of employees, and market value of publicly traded US companies. According to the database, a total of 6, 860 firms have been present in the market for at least one year from 1980-2011, and have operated in at least one of the 78 different sectors listed in Table 1 . Unlike many previous studies that typically focus on the manufacturing sectors (SIC codes 20 to 39), our present analysis considers a diverse set of firms across the different sectors, and merely excludes banks (SIC codes 60 and 61) because their balance sheets exceed those in other sectors by at least an order of magnitude. Table 1 : Sector definitions and number of firms in each sector. Firms operating in more than one sector are classified according to the business segment that generated the most revenue. The fourth column refers to the whole dataset, while the fifth column represents long-lived firms. Industrial and commercial machinery and computer equipment 297 36 36 Electronic , electronical equipment & components, except computer equipment  555  33  37  Transportation equipment  147  24  38 Measuring, analyzing and controlling instruments 422 33 39 Miscellaneous manufacturing industries 59 4
Transportation, communications, electric, gas, and sanitary services 40 Railroad transportation 9 5 41 Local, suburban transit and interurban highway passenger transportation 3 0 42
Motor freight transportation  30  3  44  Water transportation  41  2  45  Transportation by air  34  4  46  Pipelines, except natural gas  10  0  47  Transportation services  24  0  48  Communications  227  8  49 Electric We focus on long-lived or "surviving" firms that we define as companies operating in the market for the entire time span from 1980 to 2011. This panel contains 522 companies that account for more than seventy percent of market capitalization, total assets and employment in the sample, and are therefore a major determinant of macroeconomic activity. The importance of such a 'granular' view of the economy has recently been forcefully argued by Gabaix (2011) , who finds that about one third of variations in GDP growth in the United States can be attributed to the idiosyncratic destinies of the largest one hundred corporations in the US, and the contribution of the firms in our sample must therefore be considerably larger. 4 For each company, we compute annual (logarithmic) growth rates g for the different measures of firm size S,
where i runs over firms and t denotes time. We consider sales, total assets, number of employees, and market value as proxies for firm size. Our proxy for the profit rate p is the return on assets,
where I denotes operating income, and A denotes total assets.
Descriptive statistics
To understand the distributional properties of growth and profit rates, it is instructive to consider the time evolution of the first four centralized moments of these two quantities, shown in Figure 1 . It is noteworthy that the mean and standard deviation of profit rates are relatively stable compared to their growth rate counterparts, indicating that the distribution of profit rates remains stable during the period 1980-2011. The stability of the average profit rate becomes most apparent when we look at the dot-com bubble and the recent financial crisis. During those years a massive drop in market demand was reflected in sizable decreases in firm growth and sometimes even in firm size, with the most extreme fluctuations occurring in the financial market, that is in the growth of market value. The adverse effects on firm profitability, however, appear very moderate in comparison to the growth rate series. 5 Although Figure 1 merely shows the average behavior, we do observe a decline in growth rates that is more pronounced than the decline in profitability. 6 As one might expect, the growth rate of market value turns out to be the most volatile quantity. On average, its standard deviation exceeds the standard deviation of profit rates by a factor greater than three. Employment growth appears more volatile than growth in sales or total assets, yet the latter are still approximately twice as volatile as profit rates. The third moments fluctuate around zero, indicating that neither the distribution of growth nor profit rates is systemically skewed, in line with previous empirical studies focusing on the profit or growth rates of long-lived firms (see, for instance, Alfarano et al., 2012; Bottazzi and Secchi, 2003; Stanley et al., 1996) . The time evolution of the fourth moments indicates fat tails, yet excess kurtosis seems to be more pronounced for growth than for profit rates, in particular growth in number of employees and sales. 7 The first four moments still provide less information than the distributions of growth and profit rates, so we examine their empirical densities next.
Empirical densities
In the recent literature on growth rate distributions, it is common practice to eliminate possible trends in firm size by considering the normalized (logarithmic) size
which is obtained by subtracting the average (log) size of all long-lived firms from the (log) size of company i. Then the normalized growth rate is defined as the first difference of (3)g Profit rates, on the other hand, are not normalized in any way and simply remain in the raw form (2). In order to fit the empirical distributions of growth and profit rates in our sample, we follow standard procedure in the field and employ the exponential power distribution first suggested by Subbotin (1923) . Its functional form reads
where α, σ ∈ R + , m ∈ R, and Γ(·) denotes the Gamma function. The Subbotin is characterized by three parameters: a location parameter m, a scale parameter σ, and a shape parameter α that is responsible for qualitative differences in the distribution, in particular its kurtosis. It is readily verified that the Subbotin density includes the Laplacian (α = 1) and the Gaussian (α = 2) as special cases. Figure 2 presents the pooled empirical densities of profit rates and normalized growth rates, as well as the corresponding Subbotin fit obtained from maximum likelihood estimation of the parameters, reported in Table 2 . The parameter estimates of the pooled empirical distribution of profit rates are denoted byα,σ andm. We find that the empirical densities of profit and growth rates are clearly non-Gaussian, and can be reasonably well approximated by a symmetric Subbotin distribution. The empirical density of profit rates exhibits a "linear tent-shape" on a semi-log scale that is characteristic of the Laplace distribution. Except for market value growth, the various growth rate distributions are more leptokurtic than the Laplace. 8 The visual impression is confirmed by the estimates of the shape parameter α, which are significantly smaller than unity for the growth of sales, total assets and employment. 9 In spite of large fluctuations in the mean and standard deviation, the closest Laplace fit is obtained for growth rates of market value. Finally, the estimates for the scale parameter confirm that growth rates (in particular for market value) are more volatile than profit rates, while the growth of employment is the most leptokurtic distribution of all.
To check whether our results are affected by the aggregation of data from different years, we have also estimated α and σ for every single year during the period 1980-2011. As Figure 3 illustrates, there is a remarkable year-to-year stability of the Laplace distribution for profit rates, with rather small fluctuations in the parameter values over time. In 25 out of 32 years the estimated shape parameter is consistent with a Laplace distribution at the 95% confidence level. Since maximum likelihood estimates of the shape parameter are quite sensitive to outliers, we investigated the relatively small values of the shape parameter in the last four years, and it turns out that they are in fact due to very few extreme observations. Eliminating, for instance, merely the two most extreme profit rates at both sides of the spectrum leads to estimates for α that cannot be distinguished from the Laplace benchmark (α = 1) at the 95% confidence level. As far as growth rates are concerned, we can reject the null hypothesis α = 1 in approximately 87% (84%) of cases when firm size is measured in terms of sales (total assets), while in the case of employment growth rates the Laplacian null hypothesis is rejected for every single year. The distribution of market value growth rates is consistent with the Laplacian null hypothesis in 20 out of 31 years, however, the time evolution of the shape parameter is considerably more volatile than for any other variable, in particular profit rates. Moreover, the scale parameter of the growth rate distribution also exhibits pronounced fluctuations over time, suggesting that the Laplacian nature of the pooled market value growth rate distribution is an artefact of aggregation. We will continue under the assumption that the Laplace distribution is a reasonable benchmark for the distribution of profit rates, while growth rates are more leptokurtic.
Autocorrelations
Visual inspection of the line charts for a dozen randomly chosen time series of growth and profit rates in our sample indicates that profit rates are substantially more persistent than growth rates. To properly quantify this first impression, we consider here the autocorrelation function (acf)
where γ(·) denotes the autocovariance function, and τ is the time lag. Several estimators have been proposed for the autocovariance function. If the true mean is unknown, Hamilton (1994) suggests to use the estimator
wherex
is the mean of a time series X t with length T . For the estimation of the autocovariance function, however, we must consider that the number of observations per time series is quite small in our sample. In case of an autocorrelated process and a small number of observations, using the sample mean in equation (7) leads to a systematic underestimation of the true autocorrelation (see, for instance, Fuller, 1996) . Intuitively, this negative bias stems from the fact that the autocorrelation coefficient is a scaled sum of cross-products of deviations of X t from its mean. For each time series these deviations must sum to zero by construction, so that negative deviations must eventually be followed by positive deviations on average and vice versa. Therefore, the expected value of cross-products of deviations is negative (see Campbell et al., 1996) . In order to mitigate this negative bias, we replace the estimated mean of each individual time series in (7) with the medianm of the pooled empirical density, that is we always setx T =m in estimating the auto-correlation for each time series. 10 Figure 4 presents a box-and-whisker plot for the 522 estimated autocorrelation functions of the profit rate time series, while the corresponding results for the various growth rates are illustrated in Figure 5 . Our analysis suggests that statistically significant autocorrelations in growth rates can only be found in relatively few time series: serial correlation seems to be completely absent in annual growth rates of market value (in line with the weak-form efficient market hypothesis of Fama, 1991) , which is consistent with many previous findings in the pertinent empirical literature (see, for instance, Cont, 2001 , for a review of the stylized facts of financial returns). The annual growth rates of sales, total assets, and employment appear to be slightly more persistent, yet the estimated autocorrelation coefficients cannot be distinguished from zero at the 95% confidence level in the vast majority of cases. If present at all, we find that autocorrelation in growth rates is very weak, consistent with previous results by Bottazzi et al. (2001) and Bottazzi and Secchi (2005) . These findings can be interpreted as evidence against the "optimal size" hypothesis since one should observe pronounced positive autocorrelations in growth rates as firms approach some (system-wide) optimal size.
Profit rates, on the other hand, exhibit strong positive autocorrelations. Similar results have been reported in the so-called persistence of profits literature, which finds significantly positive first-order autoregressive coefficients in time-series regressions of profit rates (for a recent take on the subject see, for instance, Cable and Mueller, 2008) . Notice, however, that these models typically approach the dynamics of firm profitability via stationary AR(1) processes, and hence are misspecified because their stationary distribution is Gaussian, yet the previous subsection shows that empirical profit rate distributions are much closer to the Laplace. Since we cannot rule out a negative bias in the estimated autocorrelation coefficients of profit rates, it seems imprudent to specify the number of statistically significant time lags for the non-parametric analysis in Figure 4 . Instead we will introduce the correlation time of our subsequent diffusion model as an alternative measure of profit persistence in section 4.1.
Size (in)dependence of m and σ
The law of proportionate effect is conventionally understood as a multiplicative stochastic process whereby a firm's current size is the result of a sequence of independent growth shocks. According to the central limit theorem, the growth rate distribution should then be Gaussian, and the corresponding firm size distribution should be log-normal. While the hypothesis of proportionate random growth is useful to explain the considerable heterogeneity in firm size, it still lacks an economic justification, or as Sutton (1997, p. 42) puts it, "[t]here is no obvious rationale for positing any general relationship between a firm's size and its expected growth rate."
There is, on the other hand, good reason for profit rates to be independent of size. 11 Profit rates are central to economic competition since they guide the allocation of capital across competing uses in different sectors and industries. Capital seeks out abnormally profitable activities independent of their size, because it is the rate of return to invested capital (say, ten percent), and not the absolute return (say, ten million currency units) that guides the allocation of capital. In the absence of further information, one should therefore expect both the location parameter m Figure 7 : Location (m i ) and dispersion (σ i ) of growth rates as a function of firm size. The binning procedure is the same as in Figure 6 . Least squares power law fits for the relation between the dispersion of growth rates and size yield the following scaling exponents: −0.10 ± 0.02 for sales, −0.06±0.01 for total assets, −0.10±0.02 for the number of employees, and −0.09±0.02 for market value. The black solid lines in the right panel have slopes of -0.1 (growth in number of employees) and -0.08 (growth in sales, total assets, and market value) respectively. Error bars corresponding to one median absolute deviation are shown for sales and number of employees, while values for the other size definitions are nearly identical and have been omitted for visual clarity.
of the profit rate distribution, and the dispersion parameter σ to be independent of firm size. In order to judge how well the data reflect this prediction, we consider the median and mean absolute deviation as the location and dispersion measures, because they correspond to the maximum likelihood estimators of m and σ when sampling from a Laplace distribution (see, for instance, Johnson et al., 1995; Kotz et al., 2001) . As illustrated in Figure 3 , the Laplace is a reasonable benchmark for the pooled profit rate distribution, and hence we denote the parameter estimates from the pooled cross-sectional distribution bym andσ.
To further fix notation, let m i and σ i denote the median and mean absolute deviation of the profit rate time series of firm i. Figure 6 suggests that both the median and mean absolute deviation of profit rates are rather homogeneous across different size classes, and are reasonably close to the unconditional valuesm = 0.093 andσ = 0.057 of the pooled empirical profit rate distribution. We cannot rule out the existence of a small negative bias for the smallest size bin, yet this bias is caused by around 15 to 25 out of 522 firms, that is by about 3 to 5 percent of all long-lived companies. 12 The visual impression that m i and σ i are virtually the same for the vast majority of firms is mostly confirmed by linear regressions, which yield slope coefficients that cannot be distinguished from zero at the usual confidence levels once the smallest size bin is excluded from the analysis (see Tables 4 and 5 in the appendix for details). The intercept in the linear regressions provides rather limited information since firm sizes span several orders of magnitude and are very large to begin with, so that an extrapolation of any linear relationship to size zero is hardly meaningful. In any case, the values of m i and σ i in each bin cannot be distinguished fromm andσ at the usual significance levels. 13 The remarkable similarity between the parameters of the cross-sectional distribution and the individual location and dispersion parameters of firm-level time series suggests that profit rates are ergodic and stationary. Figure 7 repeats the analysis for the growth rates of firm size. While the location parameter of the growth rates is not markedly affected by size, we find a clear inverse relation between the dispersion of growth rates and company size, in line with previous studies that report power-laws with scaling exponents close to −0.15 (see, for instance, Amaral et al., 1997; Bottazzi and Secchi, 2003; Stanley et al., 1996) . Fitting a power law to our data yields scaling exponents ranging from −0.06 ± 0.01 for growth in total assets to −0.10 ± 0.02 for sales and employment growth rates. In contrast to profit rates, removing the smallest size bin from the growth rate analysis does not lead to significantly different slope coefficients, 14 and preserves the scaling of the dispersion of growth rates with firm size, which the pertinent literature typically ascribes to firm diversification.
Model
The preceding analysis suggests that profit rates are characterized by a stationary cross-sectional distribution, and that firm-level time series exhibit persistent autocorrelations. In addition, the location and dispersion of the individual series are independent of size and very close to the location and dispersion estimatesm and σ of the cross-sectional distribution. These properties of corporate profit rates establish a major difference to growth rates, and would seem to represent a more immediate way to study the competitive behavior of corporations, at the very least from a statistical point of view. Inspired by the empirical densities of cross-sectional profit rates, Alfarano et al. (2012) have recently introduced a diffusion process with a stationary Laplace distribution. We argue here that their process is not only consistent with the observed cross-sectional distribution, but also with the time series properties of surviving corporations, including their autocorrelation structures.
Diffusion
They propose the stochastic differential equation
to model the dynamic evolution of firm profitability, where X t denotes the profit rate, σ is a dispersion parameter, sign(·) denotes the signum function, m is the average rate of profit, and dW t are Wiener increments. The (square root of the) constant term D determines the noise level in the (random) second term, but notice that it also influences the strength of the reversion to m in the (deterministic) first term. From an economic point of view, this part of the stochastic process reflects the negative feedback mechanism of classical competition: capital will seek out sectors or industries where the profit rate is higher than the economy-wide average, typically attracting labor, raising output, and reducing prices and profit rates in the sector. This provides an incentive for capital to leave the sector, leading in turn to higher prices and profit rates for the surviving firms. Notice that the first term (or drift function) of the stochastic model (9) does not depend on the current profitability of a firm. The second term (or diffusion function) is governed by random Wiener increments, which incorporate all idiosyncratic factors affecting firm profitability. In the particular case (9), the noise level √ D is constant over time and independent of the profit rate. Another particular feature of the diffusion (9) is that the drift and the diffusion function are intertwined, since the variance of the idiosyncratic noise term affects the speed of adjustment towards the system-wide average. It can be interpreted in the sense that competition simultaneously generates fluctuations in individual corporate destinies and convergence to the average rate of profit.
The notion of statistical equilibrium rests on the idea that all surviving corporations are subject to the same stochastic process (9), with common parameters m and σ that match the location and dispersion parameters of the stationary distribution of the process,
It is easily verified that (10) is obtained from (5) for α = 1. The empirical analysis in the preceding section therefore suggests that m and σ can be readily observed from the pooled empirical density of profit rates, and would apply to the individual destinies of all surviving corporations, regardless of their size or industry. In other words, statistical equilibrium describes a situation where the profit rate of each surviving corporation reverts to the same systemic rate of profit, and fluctuates around it with the same (systemic) variability. That means that the only source of firm-specific effects in the model originates from the diffusion coefficient D, because the unconditional equilibrium distribution (10) does not depend on this parameter. Accordingly, the statistical equilibrium model leaves a single degree of freedom for idiosyncrasies in corporate profitability.
Transient density
A useful alternative representation of a diffusion process is provided by its transient density (or Fokker-Planck equation, see Risken, 1996) , which describes the time evolution of the stochastic system by means of a second-order partial differential equation,
where A(x; D) and B(x; D) are the drift and diffusion functions of the underlying diffusion process, and p(x, t) = f (x, t|x 0 , t 0 )
denotes the conditional probability density for a transition from state x 0 at time t 0 = 0 to state x at time t. For the particular diffusion (9) with zero mean, that is
and initial condition f (z, 0|z 0 , 0) = δ(z − z 0 ), where δ(·) denotes Dirac's delta function, Toda (2012) demonstrates that a closed-form solution to (11) exists and is given by
where Φ(·) denotes the cumulative distribution function of the standard normal. The closed-form solution of the Fokker-Planck equation in (14) allows us to estimate the idiosyncratic diffusion coefficient by maximum likelihood, and it is also helpful in finding a closed-form solution for the autocorrelation function of the diffusion process (9).
Autocorrelation function
For stationary Markov processes, the autocorrelation function obeys the textbook formula (see, for instance, van Kampen, 1992)
where f S denotes the stationary density. Here the stationary density corresponds to (the zero-mean-shifted version of) equation (10), and the transient density f obeys (14) . In this case, Touchette et al. (2010) show that the autocorrelation function of (9) is characterized by an (asymptotic) exponential decay, 15 Figure 11 in the appendix illustrates the probability density and autocorrelation function of simulated realizations of the diffusion process in equation (9) . While the model is consistent with the distributional and autocorrelation properties of empirical profit rates, the good fit between the estimated and theoretical autocorrelation function only occurs for time series that are sufficiently long. For shorter time series, we do observe a negative bias in the estimated autocorrelation function. This, however, implies that the persistence of abnormal profits is actually even stronger than Figure 4 suggests. If (9) provides a meaningful description of firm profitability, we can avoid the negative bias in the persistence of abnormal profits by using the theoretical autocorrelation function. Estimating the persistence of abnormal profits then boils down to estimating the diffusion coefficient D from the transient density (14) .
Results
In the diffusion model (9) , the persistence of profits is determined by the drift function, hence the speed of convergence towards the systemic rate of profit depends on two parameters: the diffusion coefficient D and the scale parameter σ. In statistical equilibrium all firms are subject to the same location and scale parameters m and σ, so the diffusion coefficient D remains as the only source of idiosyncratic differences in the profitability of surviving corporations. If σ is the same for all corporations, then the noise level D i measures the persistence of abnormal profits directly, and can be interpreted in the sense that firms with larger diffusion coefficients are prone to larger shocks in their profitability, while their abnormal profits do not persist for long. Conversely, firms with smaller diffusion coefficients are on average subject to smaller shocks, while their abnormal profits are more persistent. In order to estimate the diffusion coefficient for each profit rate series, we apply the maximum likelihood method to the solution (14) of the Fokker-Planck equation.
Estimation of the diffusion coefficient
Given discrete annual observations, we estimate the diffusion coefficients for each firm by numerically minimizing the negative log-likelihood
is the stationary Laplace density of some initial state z i,0 , and f (z i,t+1 |z i,t ; D i ) is the solution of the transient density (14) evaluated for each observation z i,t+1 = p i,t+1 −m at time t + 1 conditional on the previous observation z i,t at time t. Equipped with the estimated coefficients, we then compute the speed of adjustment (or characteristic time scale or relaxation time) of the profit diffusion from (16) as the number of years that are necessary for the autocorrelation function to reach the value one half. 16 Figure 8 presents the estimated diffusion coefficients and corresponding halflife of abnormal profits, where we observe a pronounced variability in the diffusion coefficients that translates into heterogeneous time horizons for the dissipation of abnormal profits. The median diffusion coefficient is D med ≈ 1.1 × 10 −3 , implying a standard deviation of the idiosyncratic noise in the diffusion equation of √ D med ≈ 3.3% per annum, which corresponds to a longitudinal relaxation time of about nine years. For some firms, however, the diffusion coefficients are very small and imply relaxation times that are much longer than the length of the observed time series. Analyzing these firms in more detail, we find that considerable fractions are made up by utilities or insurance companies, with total assets far above the sample average, high capital intensity, and relatively steady profit series in comparison to other sectors. At this point we can merely speculate that entry and exit barriers in these sectors, probably stemming from large capital requirements, prevent a smooth and frictionless reallocation of capital in search of profit rate equalization.
Firms with relatively short relaxation times, on the other hand, disproportionately often operate in business sectors with SIC code 36 (electronical equipment), 38 (measuring instruments), and 13 (oil and gas extraction). Intuitively, the latter is characterized by a high degree of uncertainty, while large changes in profitability for the former two sectors might be caused by operating leverage effects. 17
What determines the diffusion coefficient?
The observed heterogeneity in the diffusion coefficient raises the question whether firm or industry characteristics affect the persistence of abnormal profits. We will focus on what are perhaps merely the most obvious attributes, and consider here the impact of size, diversification, and capital intensity on the persistence of abnormal profits.
Firm size
While the data suggest that size basically does not influence the rate of profit, we can ask whether size instead has an impact on the diffusion coefficient? On average larger corporations appear more stable and are affected by smaller idiosyncratic shocks to their profitability than smaller entities. The double-logarithmic plot in Figure 9 suggests that the standard deviation of the idiosyncratic noise scales with size according to a power law To avoid distortions arising from booms and busts in single years, we calculated the mean size of each surviving corporation during the period 1980-2011, 18 and divided the sorted values into deciles, calculating the median size and √ D i in each decile. Fitting a power relation log
to the data yields least squares estimates of β = 0.17 ± 0.03 for sales, β = 0.18 ± 0.03 for total assets, β = 0.16 ± 0.02 for the number of employees, and β = 0.16 ± 0.03 for market value. All estimates are significant at the one percent level and indicate an inverse relationship between size and the noise level, so the larger a corporation the more persistent its abnormal profits tend to be.
Diversification
In order to proxy the degree of corporate diversification, we consider Datastream's product segment decomposition of corporate revenues. The data associate segmentlevel SIC codes with the corresponding revenues of each company, and we use the product segment data to compute three common measures of corporate diversification: segment count, Herfindahl index, and entropy. The first measure literally counts the number of sectors a company operates in. Since Datastream merely provides up to ten business segments per company, we decided to group business sectors on a 3-digit SIC level. Table 3 illustrates that 66 of the 522 corporations concentrate their business activity in a single sector, while the remaining 456 companies are diversified across different sectors. Around half of the sample operates in four business segments or more. Considering the median D in the third column of Table 3 , we observe a tendency for the diffusion coefficient to decrease with the number of business segments. To further quantify this impression, we have tested for differences between medians in the different groups. Comparing firms operating in one business segment with companies that are active in four (or more) sectors, a Mann-Whitney test rejects the null hypothesis that the average diffusion coefficient of non-diversified corporations is smaller or equal to that of diversified ones at the five percent level.
The business segment count, however, lacks information on the relative importance of the different segments, that is on how much the respective revenues in these segments contribute to a corporation's overall sales. Therefore, Herfindahl suggests a diversification index that computes the sum of squared shares of each segment's contribution to total sales
where P ij is the percentage share of company i's sales that is generated in business segment j. Notice that the measure decreases with increasing diversification. Alternatively, the entropy methodology can be applied to calculate a sales diversity index: 19
Unlike the Herfindahl index, which weighs the share of each business segment by itself, the entropy measure weighs each P j by the logarithm of 1/P j , so that it is more sensitive to small sales shares than the Herfindahl index, and largely ignores small differences in large sectors. The entropy measure in equation (21) increases with increasing diversification. The Spearman rank correlation coefficient for the relationship between √ D i and the Herfindahl-index is 0.17, indicating a moderate negative effect of diversification on the adjustment speed of the process. 20 Based on the Spearman rank test, Table 3 : Median diffusion coefficient (and its square root) for firms that operate in a certain number of business segments (3-digit SIC level). The persistence of abnormal profits seems to increase with the business segment count of a corporation. Figure 10 : Standard deviation of the idiosyncratic noise as a function of asset turnover, measured as the ratio of sales to total assets. Ordinary least squares regression of √ D i on asset turnover yields an intercept of 0.0227 ± 0.004 and a slope parameter of 0.0112 ± 0.003. Both parameters are statistically significant at the one percent level; error bars represent one median absolute deviation.
we find that the null hypothesis of √ D i and the Herfindahl index being independent or negatively correlated can be rejected at the one percent level.
In case of the entropy measure, the correlation coefficient equals −0.15 and the null hypothesis that √ D i and the entropy measure are not negatively correlated is also rejected at the 1 percent level. Furthermore, we have regressed the square root of the diffusion coefficient on these two diversification measures and find coefficients of 0.0246 ± 0.006 for the Herfindahl-index and −0.0142 ± 0.0038 for the entropy measure. Both coefficients are statistically significant at the one percent level.
Overall, the results suggest that there is a moderate negative correlation between the diffusion coefficient and firm diversification, which is nevertheless quite robust with respect to several diversification measures. Abnormal profits would thus seem to be more persistent for more diversified corporations.
Intensity of capital
The long relaxation times for insurance and utilities corporations indicate that capital intensity has an impact on the persistence of abnormal profits. According to the DuPont identity, the profit rate of a firm i can be decomposed into the product of its profit margin and asset turnover,
where (the inverse of) the latter measures capital intensity. The coefficient for the rank correlation between asset turnover and the noise level √ D i equals 0.27, implying that abnormal profits are more persistent for capital intensive corporations (with a correspondingly low asset turnover). A one-sided Spearman rank test rejects the null hypothesis of nonpositive correlations at the one percent level. Figure 10 provides an alternative illustration of the relationship between asset turnover and the noise level. We calculate the average asset turnover for each corporation during the period 1980-2011, group them into deciles, and calculate the median for each bin as well as the median of the associated noise levels √ D i . An ordinary least squares regression yields an intercept of 0.0227 ± 0.004 and a slope parameter of 0.0112 ± 0.003 that are both statistically significant at the one percent level. In summary the abnormal profits of capital intensive corporations would appear to be more persistent.
Discussion
The possibly most fundamental questions, pertaining to the origin of the particular values of the systemic rate of profit and its dispersion, still remain unanswered here. Yet the data suggest that statistical equilibrium provides a reasonable first approximation to the profitability of surviving corporations. Conditional on survival, US corporations generate an average rate of profit of about nine percent, along with a rather tranquil playground that disperses profit rates by less than six percent on average. Therefore it would appear that survival by itself warrants some sort of autopilot mode for corporations, in which they cannot do better but, perhaps surprisingly, also not worse than the system-wide average. Consequently, the idiosyncratic characteristics of corporations are independent of the systemic rate of profit and merely have an impact on how quickly abnormal profits are dissipated.
There are undeniably second-order effects that are not accounted for by the diffusion model. A substantial fraction of the deviations reported in sections 2 and 4 can be traced to a relatively small number of corporations in even fewer industries: about a dozen corporations with SIC codes 13 (oil and gas extraction), 36 (electronic equipment excluding computers), 38 (measuring instruments), and 67 (holding and other investment offices) account for half the deviations, which stem from the high volatility and leptokurtosis in the respective corporate time series. At the other end of the spectrum the largest corporations, like insurance carriers and utility companies, exhibit the least volatility and kurtosis in their profit rate series, and therefore account for most of the deviations in the relaxation time of abnormal profits. Recall that their estimated adjustment speeds exceed the length of the observed series by almost an order of magnitude. So Baumol's idea that the most capitalized corporations are somehow privileged in a competitive environment lives on in a modified form, however not relating to the rate of profit itself, but rather to the long persistence of abnormal profits in capital intensive industries. 21 Pronounced deviations from the diffusion model might help to identify imperfections in the competitive environment, and potentially have antitrust implications. Since the diffusion model rests on the classical idea of a perpetual reallocation of capital in search of profit rate equalization, large empirical deviations in profit persistence should essentially be tied to frictions in the reallocation of capital.
Finally, and maybe most controversially, we would like to argue that concerns of a 'survivorship bias' are perhaps the wrong way of framing the empirical analysis. After all, Gabaix's granular view of aggregate fluctuations in the US economy firmly suggests that the surviving corporations in our sample account for the major share of macroeconomic fluctuations, and are thus at the very least an interesting group of firms to study in its own right. Since everything in our analysis is conditional on (the uncertain and unpredictable) survival of corporations, one might instead wonder whether there is a systemic cost for the survival of a certain number of large corporations? Does capital need to be churned, do other corporations have to die, in order to observe the tranquil dissipation of excess profits for a certain (and ultimately interchangeable) set of surviving corporations? And if so, how much capital needs to be metabolized in the process? Simulations of the diffusion process (9) reproduce the stationary density and autocorrelation profile on a sufficiently long time scale, as illustrated in Figure 11 . To demonstrate the relevance of the negative bias in the estimated autocorrelation function for shorter time scales, we have done Monte Carlo simulations of the Laplace diffusion in equation (9) with different time series length T . We then calculated the autocovariance function using the estimator suggested in equation (7) . Figure 12 shows that subtracting the time series mean leads to a significant negative bias in the estimated autocorrelation function which becomes smaller if the length of the time series increases. In fact, for short time series as in our data (T ≈ 30), this particular shape of the autocorrelation function results from an exponentially decaying autocorrelation function and a bias which is linear in the time lag τ . Subtracting m instead of the sample mean of each time series leads to a considerable reduction of the bias, without eliminating it completely. Thus, we also computed the correlation time based on the analytical solution of the autocorrelation function which lead to more accurate estimates of profit persistence if one subscribes to the model (9). Table 4 : Estimates for the slope coefficient in linear ordinary least squares regressions of the location parameter m on the logarithm of firm size. Standard errors are shown in parantheses. Stars indicate statistical significance at the 1 ( * * * ), 5 ( * * ), and 10 ( * ) percent level, respectively.
C Regression results

Size measure
Slope including first bin Slope excluding first bin Profit rates Sales 0.0054 * * (0.0020) 0.0021 (0.0019) Total assets −0.0011 (0.0017) −0.0030 (0.0019) No. of employees 0.0072 * * (0.0025) 0.0045 (0.0029) Market value 0.0055 * * * (0.0016) 0.0042 * (0.0019)
Growth rates Sales −0.0010 (0.0012) −0.0018 (0.0015) Total assets −0.0002 (0.0016) −0.0016 (0.0020) No. of employees 0.0013 (0.0008) 0.0009 (0.0011) Market value 0.0107 * * * (0.0029) 0.0054 * * (0.0021) 
